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Abstract 
Over the last few years there has been an extraordinary surge of social networking and 
microblogging services. Twitter is a social network that focuses on social and news media. The 
Twitter data stream allows access to tweets, timestamps and locations of users. This enables us to 
capture the trends and patterns of rapidly evolving worldwide events. We use the Twitter data 
stream for the prediction of consumer preferences in the movie industry and estimate how 
successful the movie will be in the first and second weekends since its release date. The study 
provides evidence to suggest that frequencies of contemporaneous tweets and a consensus 
measure of public sentiment are useful for predicting box-office revenues, implying that any 
publicity is good publicity in word-of-mouth (WOM) and online viral marketing. Sentiment 
analysis based on tweets suggests that more extreme sentiment has more impact, and that the 
more negative the tweets about a movie are, the higher its revenue will be, in contrast with the 
classic theory of diffusion in news media. 
 
Key words: Social media; Prediction; Box office revenue; Regression. 
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1. INTRODUCTION 
The US movie industry generated an annual revenue of $10.46 billion in 2010 from the 
sale of 1.33 billion tickets, down from a peak of 1.58 billion tickets sold in 2002 (The Numbers, 
2011). Annual box office hits vary in success and range from Batman Forever in 1995 (42 
million tickets) to Titanic in 1998 (95 million tickets). For movie production companies, box 
office sales are important as a main revenue source and also have a huge impact on subsequent 
DVD and video rentals (Lehmann and Weinberg (2000)). In this industry, the product 
development is costly and extremely risky. First, the production costs are high (Eliashberg et al. 
(2006), Spann et al. (2009)). Secondly, moviemakers spend significant marketing budgets to 
create strong brands or to establish an existing strong brand for sequels (Sawhney and Eliashberg 
(1996)). Thirdly, the failure rates of new movies introduced are high. Therefore, as a means of 
minimizing the risk, box office revenue forecasting is an imperative task for movie production 
companies. 
Davenport and Harris (2009) mention that box office prediction is a daunting task as it is 
more of an art than a science. They also mention that the public might not recognize genius or 
the artistic vision that the movie producer wishes to pursue. In this paper the focus is on 
assessing the potential of a systematic approach to harnessing information from twitter 1  to 
forecast the future sales of specific movies. Although qualitative decision-making based on 
creative judgment and expertise is also a vital role in making such predictions, nowadays 
companies have unprecedented access to data, which was unavailable a few years ago. Among 
those new data sources, social media has been recently included. People express their opinions in 
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social media such as Twitter, Facebook and MySpace. This new paradigm of a communication 
media makes possible the modeling of conversation context, proximity sensing, and 
spatiotemporal location throughout large communities of individuals. 
Among social media, Twitter has been the most popular among marketers as it represents 
a collective form of public opinions and as it rates products, services, media content and creators. 
Twitter is an internet based online microblogging service which allows users to send and read a 
text message of up to 140 characters. Tweets can be downloaded as a continuous data stream 
through the Twitter APIs. Public opinion or sentiments in Twitter data have been used in 
different applications. Bollen et al. (2011) predict upward and downward movements of Dow 
Jones Industrial Average using sentiment information filtered by OpinionFinder and Google 
POMS and a self-organized fuzzy neutral network. In their empirical test, the mean average 
percentage error was reduced by 6% when a specific dimension of public mood is used. Sakaki 
et al. (2010) propose the use of Twitter as a sensor of earthquake reporting system using both 
Kalman filtering and a particle filtering technique. Their application provides earthquake 
notification earlier than the broadcast by the Japan Meteorological Agency. Kwak et al. (2010) 
identify influentials on Twitter by comparing three different measures of influence, namely 
number of followers, page-rank, and number of retweets, and find that the ranking of the most 
influential users changes depending on the measure. Culotta (2010) finds a correlation of 0.78 
between the tweets on influenza and the statistics from the Centers for Disease Control and 
Prevention, and hints at the possibility of detecting influenza outbreak using Twitter data. Our 
hypothesis in this paper is that collective public sentiment contained within tweets could have 
valuable predictability in the box office revenues of their first and second weekends since 
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opening, which are of the primary interest for the movie production companies to maximize their 
revenues. 
Considering their importance for movie production companies, surprisingly there are few 
papers on box office revenue forecasting. Research before Sharda and Delen (2006) has 
produced predictions for horizons of a week or more since the opening date of the movie. Using 
classification and regression tree analysis, Sharda and Delen (2006) propose a forecasting model 
based on a neural network algorithm, which produces a prediction of the box office revenue 
before its opening date. In the weekly base analysis using posting messages from Message Board 
on Yahoo! Movies to explain box office revenue, Liu (2006) observes that WOM activities are 
high during pre-release for high expectation and also in the early weeks after opening. He finds 
that the volume of the WOM activities has more explanatory power on box office revenue than 
the percentages of positive and negative messages, and suggests that it may help improve box 
office revenue forecasting. Zhang et al. (2009) divide movies into six categories ranged from 
„„blob” to „„bomb” according to their box office incomes, and use weighting factors based on 
countries, the values of directors, actors and actresses, contents, the showing season, competition 
with other showing movie. Doshi et al. (2010) produce predictions on prices on the Hollywood 
Stock Exchange (HSX), using posts from IMDb forums, MPAA rating data from IMDb and 
Rotten Tomatoes, box office performance data from Box Office Mojo and movie quotes from 
Hollywood Stock Exchange (HSX). Using genre for selecting the list of words, they analyze 
public sentiment of positivity and negativity based on the discussion in IMDb forums, and test 
the snowball effect in popular movie rating websites, where strong positive or negative reviews 
encourage more people to see or not to see the movie. They use multilinear and non-linear 
regressions, and produce predictions over four weeks since release. The prediction performance 
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of the model is better than a random guessing benchmark and is as competitive as participants in 
the HSX prediction market. However, they did not take into account the weekly seasonality in 
the time series of the box office revenues. In a similar context, Asur and Huberman (2010) 
estimate the box office revenues of the first and the second weekend using the theater opening 
count which is the number of theaters showing when the movie was released, HSX data and 
Twitter data which includes the rate of tweets, which is the frequency of tweeting including a 
keyword of interest, and the rate of positive sentiment over the rate of negative sentiment (PN 
ratio). They claim that a regression using the rate of tweets and the PN ratio is the best prediction 
model and this is better than using data from HSX and the theater opening count. However, the 
parameters of their prediction model are chosen with the data in the evaluation period, which is 
not a valid forecasting study. In this paper, we will use a proper framework for evaluating the 
forecasts and provide an improved prediction model using their best model as a benchmark. 
Furthermore, our study shows more extreme sentiments are useful predictors for box office 
revenue, which verifies the snowball effect mentioned in Doshi et al. (2010). 
2. DATA ANALYSIS 
For the empirical work in this paper, we used daily data for box office revenues in the US, 
theater opening counts in the US and Twitter streams. Box office revenues and theater opening 
counts are downloaded from The Numbers2. We also tested additional variables available on the 
website such as budget, MPAA rating and major genres. In the test, only the MPAA G rating, 
which means the movie is for general audiences, was useful among these variables if the variable 
is combined with the theater opening count and the information from Twitter streams. This will 
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be further explained in Section 3. As the distribution of the box office revenue data is skewed to 
the right, the box office revenue data is log-transformed to make it more amenable to regression 
analysis. The theater opening count is also included in the model proposed by Asur and 
Huberman (2010) and this variable can be determined before the movie is released. Note that the 
box office revenue data and the theater opening count are based on U.S. and the Twitter data is 
not restricted by the location of the twitter user. The twitter data is downloaded using the search 
API and the stream API with a keyword track option, which the Twitter Company provides. 
Using these APIs, we collected tweets and box office revenue data between Dec 20, 2010 and Jul 
08, 2011. All movies where the number of tweets was less than 100 per day were removed as 
these movies are not sufficiently popular or their sales revenue too small to be included in the 
same analysis with the blockbusters.  
Our approach to sentiment analysis was to simply match words in the tweets with an 
appropriate dictionary of words. Using the tweet texts downloaded, sentiment variables are 
produced by keyword matching. We used word lists of the Harvard IV-4 categories3 and the 
AFINN4 by Finn Å rup Nielsen. The benefit of the AFINN word list is that the words were 
collected and labeled specifically for the purpose of monitoring tweets.  In addition the AFINN 
includes an assessment of the magnitude of the each sentiment word as measured by its valence 
score. Each sentiment word from the AFINN has a score between -5 (strongest negative) and 5 
(strongest positive). By using this score, strong positive or negative sentiment words such as 
'fantastic' and 'worst' could be distinguished from weak sentiment words such 'good' and 
'mediocre'. Many of the words in the AFINN database with scores of low absolute magnitude 
were found to have little relevance in conveying sentiment and were unlikely to indicate any 
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clear sentiment regarding box-office revenue. For this reason, we experimented with different 
boundary combinations for sentiment scores and found using only those sentiment words with 
scores between -5 and -3, inclusively, and between 3 and 5, inclusively, performed better than 
using all the sentiment words in prediction. This result demonstrates that relatively extreme 
sentiment words are more useful for prediction, indicating that extreme opinions may give rise to 
a snowball effect. Hereafter, we use only sentiment words that had an absolute score greater than 
or equal to three. 
The list of movies we used is summarized in Table 1. Most of the movies are released on 
Friday except those targeting the Christmas season. Due to the different scales of the time series 
of variables of interest, we average them over the 28 movies and present them in Figure 1. The 
variables include the box office revenue, the theater opening count, the rate of tweets, the rate of 
retweets, the rate of positive sentiment and the rate of negative sentiment. A retweet is 
rebroadcasting the tweet of one of the followers by adding a keyword 'RT' and crediting the 
original poster to the beginning of the tweet. Box office revenue data and theater opening data 
are only available since the release date. The time series of box office revenue show a decreasing 
weekly seasonal pattern, highest on Saturday and lowest on Thursday. The theater opening count 
stays constant over the two weeks, but decreases on the Thursday of the second week. 
Interestingly, the rate of tweets and the rate of retweets before the movie release shows strong 
seasonal patterns, highest on Friday and Thursday and lowest on Saturday. This is because 
tweets tend to include expectations for the weekend, providing evidence that tweets can be a 
useful predictor for box office revenue. Compared with other time series based on tweets, the 
rate of retweets tends to be highest before the movie release, but remains lowest from the first 
Monday after the movie release. Asur and Huberman (2010) find more sentiments discovered in 
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tweets for the weeks after release than in the pre-release week. However, we can confirm this 
finding only for the positive tweets during the first week after release. The rate of negative 
sentiment tends to be high only around the release date. It is interesting to see that there is more 
positive sentiment in the first week after release than negative sentiment. 
In Figure 2, scatter plots for the theater opening count, the rate of tweets, the lagged rate 
of tweets and the rate of retweets are plotted against the box office revenue. All the other 
variables are from tweets generated one day before the movie release date. The correlations and 
p-values for the significance tests are shown together. From Figure 2, we find that the theater 
opening count has a significant correlation of 0.82 at the 5% level with the sales revenue. 
Although smaller, the correlation between the revenue and the rate of tweets and the correlation 
between the revenue and the lagged the rate of tweets also show correlations of 0.49 and 0.39, 
respectively, which are significant at the 5% level. Interestingly, the rate of retweets does not 
have a significant correlation with the box office revenue. This result is consistent with the 
finding of Asur and Huberman (2010), who suggest that retweeting for a movie is not popular 
nor a useful propaganda as it tends to describe their own expectations or experiences. The 
percentage of retweets among the tweets on movies is as small as 13.1%. 
In Figure 3, the scatter plots of the revenue and each of the constructed sentiment 
variables, namely the rate of positive sentiment, the rate of negative sentiment, the PN Ratio and 
the rate of consensus sentiment, are shown. The rate of consensus sentiment is the rate of 
positive sentiment minus the rate of negative sentiment. The sentiment variables in Figure 3 are 
not weighted by the AFINN magnitude of sentiment. The rate of consensus sentiment variable 
measures the sum of the rate of positive sentiment and the rate of negative sentiment. We show a 
linear regression line when the correlation is significant at the 5% level. Figure 3 shows that the 
10 
rate of positive sentiment has a slightly higher correlation with the revenue than the rate of 
negative sentiment, but none of the correlations are significant at the 5% level. On the other hand, 
the PN ratio shows a significant correlation with the box office revenue at the 5% level, which 
suggests that their relationship might be useful in prediction. 
The sentiment variables in Figure 3 are weighted by the AFINN magnitude of sentiment 
and their scatter plots are shown in Figure 4. In Figure 4, note that the signs of the correlations 
between the rate of negative sentiment and revenue, and between the PN ratio and revenue are 
flipped due to multiplication by negative weights of negative sentiment words. We also drew a 
linear regression line when the correlation is significant at the 5% level. Interestingly, while the 
rate of positive sentiment and the rate of negative sentiment show negative correlations that are 
not significant, their summation, the rate of consensus sentiment, shows a significant negative 
correlation with the box office revenue. The significant negative correlation indicates that the 
more negative the tweets for a movie are, the better its revenue will be, an empirical finding that 
contrasts with the theory of diffusion in news media by Berger and Milkman (2012). The 
positive effects of negative publicity on sales have been documented before in the marketing 
literature, emphasizing that negative publicity can increase purchase likelihood and sales by 
increasing product awareness (Berger et al. (2010)). In particular, it was found that a negative 
review reduced sales of books by well-established authors but enhanced sales of books by 
relatively unknown authors. Interestingly, a similar pattern can be observed in Figure 4 where the 
tweets are weighted by the AFINN scores, but not in Figure 3, which did not use any weights. It 
is also notable that the correlation for the rate of negative sentiment in Figure 4 became higher 
than in Figure 3. The higher significance of correlations for the rate of consensus sentiment and 
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the rate of negative sentiment exhibited in Figure 4 rather than in Figure 3 indicates that 
increasingly extreme sentiment has a more significant snowball effect. 
3. PREDICTION MODELING FOR THE FIRST WEEKEND 
We build a prediction model for the first weekend box office revenue, which is the sum 
of the revenues on the first Friday, Saturday and Sunday since the movie is released. The twitter 
information we use is restricted to the information available before release. A linear regression 
framework is used for box office revenue prediction. 
If we follow the approach of Asur and Huberman (2010) using the data for our analysis, 
the adjusted R squared of their best model is 99.3%, which is better than 97.3% of Asur and 
Huberman‟s paper. However, this is not a proper forecasting evaluation because the model 
parameters are directly fitted to the future revenue values for forecast evaluation. In this paper, 
we followed a valid approach for assessing the out of sample forecast performance for box-office 
revenues. Our database consists of N = 28 movies. We fitted the regression model with N - 1 
movies leaving out one movie and estimated the model parameters. These parameters are then 
used in the regression model to forecast the revenue for the one specific movie that was left out 
previously. We iterate this procedure N times for each movie. By following this procedure, the 
data used for evaluation is strictly isolated from the data used for parameter fitting and we are 
able to obtain truly out of sample results. The forecasting evaluation criteria in the paper is the 
mean absolute percentage error (MAPE). The smaller the MAPE is, the better. For example, if a 
revenue forecast is $30M and the actual revenue turned out to be $50M, the MAPE would be 
40% (=$20M/$50M). We took the average of the N MAPEs weighted by each revenue. 
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We summarized the forecast evaluations of various models in Table 2. As expected from 
the scatter plots in Figures 3 to 4, the single variable that is the most useful for prediction turns 
out to be the theater opening count, followed by the rate of consensus sentiment weighted and 
the PN ratio. Variables related to budget, genre and MPAA rating did not perform well for 
prediction. The regression model with the theater opening count only achieved an MAPE of 
0.288. Our objective is to find a better model than this benchmark model. Using more variables 
would increase the R-squared for the in-sample dataset, but this does not necessarily improve the 
adjusted R-squared in in-sample or, more importantly, the prediction performance in the post-
sample evaluation period. However, the combination of two or more useful predictors based on 
different information sources often enhances the prediction quality (Bates and Granger (1969); 
Jeon and Taylor (2012)). 
When the rate of tweets or the rate of consensus sentiment is added to the theater opening 
count in a linear regression, the MAPE of the models were slightly reduced to 0.281 and 0.280, 
respectively, which indicates that the rate of tweets and the rate of consensus sentiment could be 
useful for predictions. It is interesting to see that the addition of the MPAA G rating to the 
theater opening count improved the MAPE to 0.264. The best performing model is the 
combination of the theater opening count, the MPAA G rating, the rate of tweets and the rate of 
consensus sentiment weighted, minimizing the MAPE at 0.243. We can also confirm that these 
four predictors are produced from or based on different information source, suggesting their 
potential for constructing a combined forecasting approach. Although the rate of tweets and the 
rate of consensus sentiment variable are based on the same source, tweet streams, the rate of 
tweets simply counts the number of tweets mentioning the movie name without considering 
whether the tweet has negative or positive sentiment. Furthermore, the correlation between the 
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two variables is -0.008. It is notable that this model weighted by the AFINN magnitude of 
sentiment is clearly better than the non-weighting equivalent. By including the MPAA G rating 
in the best prediction model, the model could better adjust the prediction errors particularly large 
in the movies for general audiences, and increase the forecasting performance from 0.258 to 
0.243. The PN ratio did not improve the MAPE when combined with the theater opening count, 
but improved the MAPE when combined with both the theater opening count and the rate of 
tweets. Adding other sentiment variable or the budget to the theater opening count degraded the 
forecast performace, demonstrating that the budget is not a useful prediction variable when 
combined with the theater opening count. The results above clearly indicate the usefulness of the 
sentiment variables such as the rate of consensus sentiment weighted and the PN ratio for box 
office revenue prediction. Asur and Huberman (2010) find that the model of the rate of tweets 
and the PN ratio is the best in their in-sample forecast comparison. In this study with a valid out-
of-sample forecast evaluation, the use of a well-defined sentiment variable and a combination 
with the theater opening count enhanced the best model of Asur and Huberman (2010) from 
0.367 to 0.243 in terms of MAPE. 
In order to accommodate more historical data in the prediction model, we investigated the 
benefits of an exponentially smoothed sentiment variable and lags of the explanatory variables. 
The exponential weighting serves to put larger weights on the most recent data. The exponential 
weighting decay parameter is chosen by an adjusted R-square criteria. However, including either 
exponential smoothing or more lags of the sentiment variables or the rate of tweets did not 
increase the prediction accuracy. Most of movies are released on Friday as in Table 1. By 
analyzing individual tweets before the weekend, we could confirm that twitter users talk about 
the weekend activity more on Thursday than on Wednesday or Tuesday before the weekend. 
14 
Hence, it is natural that using old information in lags or exponential smoothing variables is not 
beneficial as much as using the most recent information. We also tried log-transformation and 
Box-Cox transformation (Box and Cox (1964)) of the explanatory variables as the distribution of 
the explanatory variable can have a major influence on the estimate of box office revenue. These 
transformations did not improve the accuracy. 
4. PREDICTION MODELING FOR THE SECOND WEEKEND 
The second weekend is also an important measure for the overall revenue lifecycle of a 
movie. In this section, we investigate the impact of tweets for the second weekend revenue. From 
Table 2, we can observe that regressions with one predictor performed worse in the second 
weekend than in the first weekend. However, it is interesting to see that when the theater opening 
count and variables from Twitter are combined together in regressions, the prediction 
performance became clearly better in the second weekend than in the first weekend. This verifies 
the benefit of the combining variables from different sources of information is more significant 
in the forecasting for the second weekend revenue than the first weekend. In the prediction for 
the second weekend, we can utilize the revenues up to the day before the second weekend. As 
shown in Table 2, we found the last weekend revenue is a better predictor than the revenue of the 
day before the second weekend. Budget, MPAA rating and Genre were not better predictors than 
the revenue variables. When we added the theater opening count to the last weekend revenue, the 
performance improved from 0.264 to 0.254 in terms of MAPE. It performed better than the 
model combining the theater opening count and the rate of tweets, but worse than the model 
combing the theater opening count and the rate of consensus sentiment weighted. The best 
performance was gained by a model combining the theater opening count, the rate of tweets and 
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the rate of consensus sentiment weighted followed by the combination of the theater opening 
count, the rate of tweets and the PN ratio. This is consistent with the prediction results for the 
first weekend. This provides evidence that sentiment variables, particularly the rate of consensus 
sentiment weighted, can be successfully used for both the first weekend and the second weekend 
box office revenue predictions. The addition of the MAPP rating G did not deteriorate nor 
improve the performance in the second weekend. 
5. CONCLUSION 
Based on a valid prediction evaluation framework and a weighting scheme based on the valence 
scores attributed to sentiment words listed in the AFINN database, the prediction performance of 
the box office revenue predictions could be enhanced against the benchmark suggested by Asur 
and Huberman (2010) from 0.367 to 0.243 in the first weekend and from 0.546 to 0.201 in the 
second weekend. The use of the theater opening count, the MPAA G rating, the rate of tweets 
and the rate of consensus sentiment weighted was the best among the various models we 
compared for both the first weekend and the second weekend box office revenue predictions. 
This study demonstrates that sentiment analysis through a simple keyword matching with 
extreme sentiment words is helpful for prediction of box office revenue. The weighting scheme 
based on the magnitude of each sentiment word is important in obtaining predictive information 
and demonstrates that increasingly extreme sentiment drives movie revenues. We also found 
empirical evidence that box office revenue increases as the rate of significant negative sentiment 
increases and as the rate of significant positive sentiment decreases, indicating that the 
expression “any publicity is good publicity” holds true for movies. 
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Figure 1. Plots for the time series of box office revenue, theater opening count and 
variables based on tweets. 
 
 
 
 
Figure 2. Scatter plots of the theater opening count(t), the rate of tweets(t-1) and the rate of 
retweets(t-1) against box office revenue(t). 
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Figure 3. Scatter plots of sentiment variables(t-1) against box office sales revenue(t). A 
linear regression line is added to the plot when the correlation is significant. 
 
 
 
 
Figure 4. Scatter plots of sentiment variables(t-1) weighted by the AFINN magnitude of 
sentiment against box office sales revenue(t). A linear regression line is added to the plot 
when the correlation is significant. 
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Table 1. List of movies used in the empirical study 
 
Movie Opening date Opening day of week Budget Rating Major Genre 
Little Fockers 22-Dec-10 Wed $100,000,000  PG-13 Comedy 
True Grit 22-Dec-10 Wed $35,000,000  PG-13 Action 
Gullivers Travels 25-Dec-10 Sat $112,000,000  PG Comedy 
Season of the Witch 7-Jan-11 Fri $40,000,000  PG-13 Thriller/Suspense 
The Green Hornet 14-Jan-11 Fri $110,000,000  PG-13 Action 
The Dilemma 14-Jan-11 Fri $70,000,000  PG-13 Comedy 
The Mechanic 28-Jan-11 Fri $42,500,000  R Action 
The Rite 28-Jan-11 Fri $37,000,000  PG-13 Horror 
Sanctum 4-Feb-11 Fri $30,000,000  R Adventure 
The Roommate 4-Feb-11 Fri $16,000,000  PG-13 Thriller/Suspense 
The Eagle 11-Feb-11 Fri $25,000,000  PG-13 Action 
Just Go With It 11-Feb-11 Fri $80,000,000  PG-13 Comedy 
I am Number Four 18-Feb-11 Fri $60,000,000  PG-13 Adventure 
Unknown 18-Feb-11 Fri $40,000,000  PG-13 Thriller/Suspense 
The Adjustment Bureau 4-Mar-11 Fri $50,200,000  PG-13 Thriller/Suspense 
Rango 4-Mar-11 Fri $135,000,000  PG Adventure 
Red Riding Hood 11-Mar-11 Fri $42,000,000  PG-13 Thriller/Suspense 
Mars Needs Moms 11-Mar-11 Fri $150,000,000  PG Adventure 
Paul 18-Mar-11 Fri $40,000,000  R Comedy 
Sucker Punch 25-Mar-11 Fri $75,000,000  R Action 
Source Code 1-Apr-11 Fri $32,000,000  PG-13 Thriller/Suspense 
Hop 1-Apr-11 Fri $63,000,000  PG Comedy 
African Cats 22-Apr-11 Fri N/A  G Documentary 
Bad Teacher 24-Jun-11 Fri $19,000,000  R Comedy 
Cars 2 24-Jun-11 Fri $200,000,000  G Adventure 
Monte Carlo 1-Jul-11 Fri $20,000,000  PG Romantic Comedy 
Larry Crowne 1-Jul-11 Fri $30,000,000  PG-13 Romantic Comedy 
The Zookeeper 8-Jul-11 Fri $80,000,000  PG Romantic Comedy 
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Table 2. MAPEs of regression models for the first weekend box office revenue prediction. 
Smaller values are better.  
 
Variables used in regressions 1st weekend 2nd weekend 
RevenueLastWeekend N/A 0.264  
Revenue t-1 N/A 0.436  
Budget 0.475  0.562  
TheaterOpenCountt-1 0.288  0.299  
MPAA_G 0.765 0.561 
MPAA_PG 0.535 0.642 
MPAA_PG-13 0.508 0.608 
MPAA_R 0.509 0.600 
Genre-Action&Horror 0.508 0.624 
Genre-Adventure 0.542 0.647 
Genre-Comedy 0.489 0.624 
Genre-Documentary 0.509 0.597 
Genre-Thriller 0.504 0.622 
RateTweets t-1 0.459  0.595  
Positive t-1 0.503  0.536  
Negative t-1 0.483  0.629  
PNRatio t-1 0.427  0.563  
Consensus t-1 0.505  0.605  
PositiveWgt t-1 0.496  0.530  
NegativeWgt t-1 0.501  0.639  
PNRatioWgt t-1 0.442  0.548  
ConsensusWgt t-1 0.426  0.541  
TheaterOpenCount t + RevenueLastWeekend N/A 0.254  
TheaterOpenCount t + Budget 0.339  0.329  
TheaterOpenCount t + MPAA_G 0.264 0.304 
TheaterOpenCount t + RateTweets t-1 0.281  0.268  
RateTweets t-1 + PNRatio t-1 0.367 0.546 
RateTweets t-1 + ConsensusWgt t-1 0.376 0.522 
TheaterOpenCount t + Positive t-1  0.298  0.266  
TheaterOpenCount t + Negative t-1 0.293  0.305  
TheaterOpenCount t + PNRatio t-1 0.288  0.292  
TheaterOpenCount t + Consensus t-1 0.297  0.295  
TheaterOpenCount t + PositiveWgt t-1 0.292  0.267  
TheaterOpenCount t + NegativeWgt t-1 0.301  0.326  
TheaterOpenCount t + PNRatioWgt t-1 0.294  0.255  
TheaterOpenCount t + ConsensusWgt t-1 0.280  0.251  
TheaterOpenCount t + Revenue t-1 + RevenueLastWeekend N/A 0.260  
TheaterOpenCount t + RateTweets t-1 + RevenueLastWeekend N/A 0.266  
TheaterOpenCount t + RateTweets t-1 + PNRatio t-1 0.267  0.219  
TheaterOpenCount t + RateTweets t-1 + Consensus t-1 0.292  0.283  
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TheaterOpenCount t + RateTweets t-1 + PNRatioWgt t-1 0.275  0.231  
TheaterOpenCount t + Rating_G + ConsensusWgt t-1 0.250  0.252  
TheaterOpenCount t + RateTweets t-1 + ConsensusWgt t-1 0.258  0.201  
TheaterOpenCount t + Rating_G + RateTweets t-1 + ConsensusWgt t-1 0.243 0.201 
* MAPE is MAPE weighted averaged by the revenue of each movie. 
